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Description
BACKGROUND OF THE INVENTION
1. Field of the invention

[0001] The present disclosure relates to a method for
discriminating sacroiliitis in axial spondyloarthritis using
sacroiliac joint magnetic resonance imaging (MRI) imag-
es.

2. Description of the Prior Art

[0002] Conventionally, the radiological diagnosis of ax-
ial spondyloarthritis was performed using plain radiogra-
phy. Recently, the focus has shifted towards diagnosing
and starting treatment before structural anomalies occur,
thereby increasing the reliance on MRI for diagnosis.
[0003] In general clinical settings, the discrimination of
sacroiliitis using sacroiliac joint MRI images is performed
by humans and is subject to interpretation based on set
criteria, but this can be ambiguous in certain cases.
[0004] Moreover, there are few rheumatologists and
radiologists with sufficient experience in interpreting sac-
roiliitis, leading to reduced medical accessibility.

[0005] Therefore, there is a need for technology that
allows for the automated determination of sacroiliitis from
sacroiliac joint MRl images, even in primary care settings
without rheumatology/radiology specialists.

[0006] The above information disclosed in this Back-
ground sectionis merely forenhancement of understand-
ing of the background of the disclosure and therefore it
may contain information that does not form the prior art
that is already known to a person skilled in the art.

SUMMARY OF THE INVENTION

[0007] The present disclosure aims to propose a sac-
roiliac joint MR image-based sacroiliitis discrimination
method that allows for the determination of sacroiliitis in
axial spondyloarthritis without the need for a specialist,
using artificial intelligence.

[0008] A method for discriminating sacroiliitis accord-
ing to the present disclosure, which uses sacroiliac joint
MR images with the aid of one or more processors of a
computing device, includes the steps of: collecting MR
images related to the sacroiliac joint and preprocessing
the collected MR images to generate training data; train-
ing a bone marrow edema discrimination model by using
the generated training data; and using the trained bone
marrow edema discrimination model to determine the
presence of sacroiliitis from MR images related to the
patient’s sacroiliac joint.

[0009] The stepofgenerating training datamay include
a step of normalizing the collected MR images to mini-
mize intensity variations in the MR images due to bright-
ness variability between images of different samples or
within slices of the same sample.
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[0010] The step of normalizing MR images may be car-
ried out by stacking the MR images into a 3D volume,
dividing the volume into grids, redistributing the bright-
ness values in each grid area, and then storing them back
as 2D slices to uniformize the brightness values between
images.

[0011] The step of generating training data may include
a step of extracting regions of interest of the sacroiliac
joint by using a trained bounding box creation model.
[0012] The step of extracting regions of interest may
involve automatically extracting the regions of interest
through Faster R-CNN, and creating input images of the
same size, based on the extracted regions.

[0013] The step of extracting regions of interest may
include extracting feature maps from the normalized MR
images through the bounding box creation model, calcu-
lating the regions of interest of the sacroiliac joint, adjust-
ing the size of the calculated regions of interest to be the
same, and performing object classification to extract the
final regions of interest (ROI) for each object.

[0014] The step of generating training data may include
rotating the MR image by a predetermined value and
then extracting the region of interest, with the size of the
extracted region of interest increased by a set value up,
down, left, and right.

[0015] The step of generating training data may include
stacking at least three consecutive slices, including the
front and back slices based on a certain slice, then gen-
erating training data based on the stacked slices to con-
sider the front and rear slices rather than learning with
only one slice when determining bone marrow edema.
[0016] For both-end slices, the training data may be
generated by stacking only one slice in front or behind
the end slice.

[0017] The computing device of the present disclosure
includes a processor with one or more cores, and a mem-
ory. The processor collects MR images related to the
sacroiliac joint, preprocesses the collected MR images
to generate training data, trains a bone marrow edema
discrimination model using the generated training data,
and uses the trained model to determine the presence
of sacroiliitis from MR images related to the patient’s sac-
roiliac joint.

[0018] A computer program according to the present
disclosure, stored in a computer-readable storage medi-
um, includes instructions to cause a computer to perform
the following actions: collecting MR images related to the
sacroiliac joint, preprocessing the collected MR images
to generate training data, training a bone marrow edema
discrimination model using the generated training data,
and using the trained model to determine the presence
of sacroiliitis from MR images related to the patient’s sac-
roiliac joint.

[0019] The present disclosure provides an environ-
ment under which, even without a rheumatologist or a
radiologist sufficiently experienced in interpreting sacro-
iliitis, it is possible to determine the presence of sacroili-
itis, thereby increasing medical accessibility and aiding
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in the early diagnosis of the disease.

[0020] Moreover, the present disclosure includes
stacking MR images to create a 3D volume, dividing the
image of the 3D volume into grids, redistributing the
brightness values in each grid area, and storing the re-
distributed brightness values back as 2D slices to uni-
formize the brightness values between MR images. This
approach addresses the issue of varying brightness val-
ues between slices for different patients or within the
same patient, thereby improving the learning efficiency
of the bone marrow edema discrimination model.
[0021] Furthermore, in the present disclosure, areas
of interest are automatically extracted through Faster R-
CNN to effectively focus and localize the small sacroiliac
joint area, thereby enhancing the learning efficiency of
the bone marrow edema discrimination model.

[0022] Additionally, in the present disclosure, the MR
images are augmented data sixfold for images labeled
positive, using methods like blurring, contrast adjust-
ment, noise addition, rotation, and sharpening, followed
by extracting the area of interest, with the size of the area
of interest increased by a set value up, down, left, and
right, whereby changes in joint position due to image ro-
tation can be prevented.

[0023] Moreover, in the present disclosure, at least
three consecutive slices including the front and back slic-
es based on a certain slice are stacked and training data
is generated based on these stacked slices, to compen-
sate for low-brightness slices and utilize the front and
back slices together rather than learning or discriminating
with only one slice, thereby enhancing the learning and
discrimination efficiency of the bone marrow edemamod-
el.

[0024] Finally, the present disclosure normalizes the
MR images to uniformize the brightness values, extracts
the region of interest of the sacroiliac joint using a trained
bounding box creation model, and generates training da-
ta, whereby the characteristics of the sacroiliac joint that
require specific brightness and areas for effective learn-
ing are reflected to improve learning efficiency and pre-
vent a decline in learning performance due to anatomical
shape, size differences, or limitations in image quality.

BRIEF DESCRIPTION OF THE DRAWINGS

[0025] Theabove and other aspects, features, and ad-
vantages of the present disclosure will be more apparent
from the following detailed description taken in conjunc-
tion with the accompanying drawings, in which:

FIG. 1 is a block diagram of a computing device for
determining the presence of sacroiliitis using sacro-
iliac joint MR images according to an embodiment
of the present disclosure;

FIG. 2 is a schematic diagram illustrating a pipeline
for extracting regions of interest from sacroiliac joint
MR images to generate training data and training a
bone marrow edema discrimination model using the
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generated training data according to an embodiment
of the present disclosure;

FIG. 3 is a flowchart briefly illustrating the process
of determining the presence of sacrailiitis using sac-
roiliac joint MR images, according to an embodiment
of the present disclosure;

FIG. 4 is a flowchart depicting the process of using
a bounding box creation model to extract the region
of interest of the sacroiliac joint and then generating
input images of the same size, according to an em-
bodiment of the present disclosure;

FIG. 5 shows the variability of brightness values in
MR images;

FIG. 6 shows images illustrative of an example of
stacking MR images to create a 3D volume and then
dividing the image of the volume into grids to redis-
tribute brightness valuesin each grid area, according
to an embodiment of the present disclosure;

FIG. 7 shows images illustrative of an example of
extracting the region of interest of the sacroiliac joint
using a bounding box creation model, according to
an embodiment of the present disclosure;

FIG. 8 shows images illustrative of an example of
rotating MR images to extract regions of interest, ac-
cording to an embodiment of the present disclosure;
FIG. 9 shows images illustrative of an example of
stacking at least three consecutive slices including
the front and back slices based on a certain slice and
generating training data based on these stacked slic-
es, according to an embodiment of the present dis-
closure;

FIG. 10is a conceptual diagram of a network function
according to an embodiment of the present disclo-
sure;

FIG. 11 isadiagramillustrating the network structure
according to an embodiment of the present disclo-
sure; and

FIG. 12 is a schematic diagram of the computing
environment according to an embodiment of the
present disclosure.

DETAILED DESCRIPTION OF THE EXEMPLARY EM-
BODIMENTS

[0026] Hereinafter, exemplary embodiments of the
present disclosure will be described more fully hereinaf-
ter with reference to the accompanying drawings, so as
to be easily carried out by those skilled in the art. How-
ever, the present disclosure can be realized in various
different forms, and is not limited to the exemplary em-
bodiments described herein. Accordingly, in order to ap-
parently describe the present disclosure, a portion that
does not relate to the description is omitted. Like refer-
ence numerals designate like elements throughout the
specification.

[0027] Throughout the description, if a prescribed part
"includes" a certain component, it means not to exclude
a different component but to further include the different
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componentunless there is a specific opponent comment.
Moreover, such terminologies written in the present spec-
ification as "unit", "module" and the like indicate a unit
processing at least one or more functions or operations
and these functions or operations can be implemented
by hardware, software or a combination thereof.

[0028] Various embodiments will now be described
with reference to drawings. In the present specification,
various descriptions are presented to provide apprecia-
tion of the present disclosure. However, it is apparent
that the embodiments can be executed without the spe-
cific description.

[0029] As used herein, the terms "component”, "mod-
ule", "system", "protocol”, and the like are intended to
refer to a computer-related entity, hardware, a combina-
tion of hardware and software, software, or software in
execution. For example, a component may be, but is not
limited to being, a process running on a processor, an
object, a thread of execution, a program, and/or a com-
puter. By way of illustration, both an application running
on a server and the server can be a component. One or
more components may reside within a process and/or
thread of execution and a component may be localized
on one computer and/or distributed between two or more
computers. Further, the components may be executed
by various computer-readable media having various data
structures, which are stored therein. The components
may perform communication with another system
through local and/or remote processing according to a
signal (e.g., data from one component that interacts with
other components and/or data from other systems
through a network such as the Internet through a signal
in a local system and a distribution system) having one
or more data packets, for example.

[0030] Theterm"or"is intended to mean not exclusive
"or" but inclusive "or". That is, when not separately spec-
ified or not clear in terms of a context, a sentence "X uses
A or B" is intended to mean one of the natural inclusive
substitutions. That is, the sentence "X uses A or B" may
be applied to any of the case where X uses A, the case
where X uses B, or the case where X uses both A and
B. Further, it should be understood that the term "and/or"
used in this specification designates and includes all
available combinations of one or more items among enu-
merated related items.

[0031] The word "comprises" and/or "comprising"
means that the corresponding feature and/or component
is present, but it should be appreciated that presence or
addition of one or more other features, components,
and/or a group thereof is not excluded. Further, when not
separately specified or it is not clear in terms of the con-
text that a singular form is indicated, it should be con-
strued that the singular form generally means "one or
more" in this specification and the claims.

[0032] The expression "at least one of A or B" should
be interpreted to mean "a case including only A", "a case
including only B", and "a case in which A and B are com-
bined".
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[0033] Those skilled in the art shall recognize that the
various illustrative logical blocks, configurations, mod-
ules, circuits, means, logic, and algorithm operations de-
scribed in relation to the exemplary embodiments addi-
tionally disclosed herein may be implemented by elec-
tronic hardware, computer software, or in a combination
of electronic hardware and computer software. In order
to clearly exemplify interchangeability of hardware and
software, the various illustrative component, blocks, con-
figurations, means, logic, modules, circuits, and opera-
tions have been generally described above in the func-
tional aspects thereof. Whether the functionality is imple-
mented by hardware or software depends on a specific
application or design restraints given to the general sys-
tem. Those skilled in the art may implement the function-
ality described by various methods for each of the specific
applications, but it shall not be construed that the deter-
minations of the implementation deviate from the range
of the contents of the present disclosure.

[0034] The description of the presented embodiments
is provided so that those skilled in the art of the present
disclosure use or implement the present disclosure. Var-
ious modifications to the embodiments will be apparent
to those skilledinthe art. Generic principles defined here-
in may be applied to other embodiments without depart-
ing from the scope of the present disclosure. Therefore,
the present disclosure is not limited to the embodiments
presented herein. The present disclosure should be an-
alyzed within the widest range which is coherent with the
principles and new features presented herein.

[0035] With reference to FIGS. 1 to 5, a detailed de-
scription will be given of a method for determining sac-
roiliitis using sacroiliac joint MR images according to an
embodiment of the disclosure:

FIG. 1 represents a block diagram of a computing device
for determining the presence of sacroiliitis using sacroil-
iac joint MR images according to an embodiment of the
present disclosure.

[0036] The configuration of the computing device 100
depicted in FIG. 1 is merely a simplified illustration. In
one embodiment of the present disclosure, the comput-
ing device 100 may include other components necessary
for performing its computing environment, and only some
of the disclosed components may constitute the comput-
ing device 100.

[0037] The computing device 100 in one embodiment
of the present disclosure may include a processor 110,
memory 120, and a network 130.

[0038] The processor 110 may consist of one or more
cores and may include processors for data analysis and
deep learning, such as a central processing unit (CPU),
a general-purpose graphics processing unit (GPGPU), a
tensor processing unit (TPU), or etc. The processor 110
may read computer programs stored in memory 120 to
perform data processing for machine learning according
to one embodiment of the present disclosure. The proc-
essor 110 may carry out computations for the training of
neural networks, including processing input data for
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learning in deep learning (DL), feature extraction from
inputdata, error calculation, and updating neural network
weights using backpropagation. Atleast one of the CPU,
GPGPU, and TPU in the processor 110 may handle the
training of network functions. For instance, the CPU and
GPGPU may work together to handle the training of net-
work functions and data classification using the network
functions. Additionally, processors from multiple comput-
ing devices can be used together to handle the training
and data classification using network functions in one
embodiment of the present disclosure. The computer
program executed in the computing device according to
an embodiment of the present disclosure may be a CPU,
GPGPU, or TPU executable program.

[0039] According to one embodiment of the present
disclosure, the processor 110 is capable of collecting MR
images related to the sacroiliac joint, preprocessing the
collected MR images to generate training data, training
a bone marrow edema discrimination model using the
generated training data, and using the trained bone mar-
row edema discrimination model to determine the pres-
ence of sacroiliitis from MR images related to the patient’s
sacroiliac joint.

[0040] The processor 110 may normalize the collected
MR images to minimize intensity variations in the MR
images due to the variability of brightness among images
of different samples or within slices of the same sample.
[0041] For example, the processor 110 may stack the
MR images to create a 3D volume, then apply Adaptive
Histogram Equalization (AHE) to the image of the volume
divided into grids to redistribute the brightness values in
each grid area, and store the redistributed brightness val-
ues back as 2D slices to uniformize the brightness values
between images.

[0042] The processor 110 may extract the region of
interest of the sacroiliac joint using a trained bounding
box creation model.

[0043] By way of example, the processor 110 may au-
tomatically extract the region of interest (ROI) through
Faster R-CNN, efficiently localizing the sacroiliac joint,
and apply image editing (e.g., crop & resize) to the ex-
tracted region of interest to create input images of the
same size.

[0044] Inthe presentdisclosure, regions of interestare
automatically extracted through Faster R-CNN to effec-
tively focus on and localize the small sacroiliac joint area
within MR images. Here, focusing and localization in-
volve identifying or specifying the small sacroiliac joint
area in MR images as a region of interest.

[0045] The processor 110 may extract feature maps
from normalized MR images using a bounding box cre-
ation model (e.g., ResNet-50) and then calculate the ROI
of the sacroiliac joint area. The processor 110 can apply
ROI pooling (e.g., max pooling) to adjust the size of the
calculated ROI to be the same, and then perform final
objectclassification to extract the final ROl for each object
class.

[0046] Due to the significantly higher number of slices
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without bone marrow edema compared to those with
bone marrow edema, the processor 110 can augment
the data of images labeled positive by six times. This
augmentation of the regions of interest in the images is
achieved through techniques such as blurring, adjusting
contrast, adding noise, rotating, and sharpening.
[0047] The processor 110 may randomly rotate the en-
tire MR image within a specified range (e.g., -20° to +20°)
and subsequently extract the ROI in the same manner
as before. Taking into account the positional changes of
the joint due to image rotation, the processor 110 can
expand the size of the ROI by a fixed number of pixels
(e.g., 10 pixels) up, down, left, and right.

[0048] The processor 110 can stack at least three con-
secutive slices including the front and back slices based
on one slice so as to consider the front and back slices
instead of learning from only one slice when determining
bone marrow edema and then can generate learning data
based on stacked slices.

[0049] For the opposite end slices, the processor 110
can stack just one additional slice, either in front or be-
hind, making a total of two stacked slices for generating
training data.

[0050] Inanembodiment of the presentdisclosure, the
memory 120 can store any type of information generated
or determined by the processor 110, as well as any in-
formation received by the network 130.

[0051] The memory 120 may include at least one type
of storage medium including a flash memory, a hard disk,
a multimedia card micro type, a card-type memory (e.g.,
SD or XD memory, etc.), a Random Access Memory
(RAM), a Static Random Access Memory (SRAM), a
Read-Only Memory (ROM), an Electrically Erasable Pro-
grammable Read-Only Memory (EEPROM), a Program-
mable Read-Only memory (PROM), a magnetic memory,
a magnetic disk, and an optical disk. Also, the computing
device 100 may be operated in relation to a web storage
device that performs the storage function of the memory
120 in the Internet. The description of the memory is il-
lustrated, but does not limit the present disclosure.
[0052] The network 130 according to the embodiment
of the present disclosure may use a predetermined form
of apublicly known wire/wireless communication system.
[0053] The network 130 may receive sacroiliac joint
MR images from related devices or systems.

[0054] The network 130 may transceive information
processed by the processor 110, the user interface, and
the like through communication with other terminals. For
example, the network 130 may provide the user interface
generated by the processor 110 to a client (for example,
a user terminal). Further, the network 130 may receive
the external input of the user applied to the client and
transfer the received external input to the processor 110.
In this case, the processor 110 may process the opera-
tions of output, correction, change, addition, and the like
of the information provided through the user interface
based on the external input of the user received from the
network 130.
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[0055] The computing device 100 according to the em-
bodiment of the presentdisclosure is acomputing system
for transceiving information with the client through com-
munication and may include a server. In this regard, the
client may be a predetermined form of terminal accessi-
ble to the server.

[0056] Inan additional embodiment, the computing de-
vice 100 may also include a predetermined form of ter-
minal which receives data resources generated in a pre-
determined server and performs additional information
processing.

[0057] FIG. 2 illustrates a diagram briefly showing a
pipeline according to an embodiment of the present dis-
closure for extracting regions of interest from sacroiliac
joint MR images to generate training data and training a
bone marrow edema discrimination model using the gen-
erated training data. FIG. 3 is a flowchart that briefly out-
lines the process of determining the presence of sacro-
iliitis using sacroiliac joint MR images, according to an
embodiment of the present disclosure.

[0058] Referring to FIGS. 2 and 3, the computing de-
vice 100 may collect MR images related to the sacroiliac
joint, preprocess the collected MR images, and extract
the regions of interest of the sacroiliac joint using a pre-
trained bounding box creation model (S110 to S130).
[0059] The computing device 100 may normalize the
collected MR images to minimize intensity variations due
to the variability of brightness among images of different
samples or within slices of the same sample.

[0060] Furthermore, the computing device 100 may
automatically extract regions of interest (ROIs) using
Faster R-CNN to efficiently localize the sacroiliac joint,
and apply image editing (e.g., crop & resize) to the ex-
tracted ROls to create input images of the same size.
[0061] For example, the computing device 100 may
extract feature maps from normalized MR images using
a bounding box creation model (e.g., ResNet-50), and
then calculate the ROI of the sacroiliac joint area.
[0062] Additionally, the computing device 100 may ap-
ply ROI pooling (e.g., max pooling) to adjust the sizes of
the calculated ROl to be the same, and then perform final
object classification to classify or detect objects, extract-
ing the final ROI for each object class.

[0063] For bone marrow edema discrimination, the
computing device 100 can generate training data not just
from a single slice but by stacking at least three consec-
utive slices, including the front and back slices based on
a certain slice. For both end slices, only one slice from
the front or back is used to stack a total of two slices for
generating training data.

[0064] Also, the computing device 100 may use the
generated training data to train a bone marrow edema
discrimination model (S140).

[0065] The computing device 100 may use the trained
bone marrow edema discrimination model to determine
the presence of sacroiliitis from MR images related to the
patient’s sacroiliac joint (S150).

[0066] FIG. 4 is a flowchart illustrating the process of
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using a bounding box creation model to extract the region
of interest of the sacroiliac joint and then creating input
images of the same size according to an embodiment of
the present disclosure.

[0067] Referring to FIG. 4, the computing device 100
may collect MR images related to the sacroiliac joint and
normalize the collected MR images to minimize intensity
variation among images of different patient samples or
slices within the same sample (S210).

[0068] Here,the MR images may include STIR images
of the sacroiliac joint area cut in the coronal plane.
[0069] FIG. 5 shows the variability of brightness values
in MR images.

[0070] Referringto FIG. 5, the necessity of normalizing
MR images is shown to minimize intensity variations in
MR images due to the diversity in brightness among dif-
ferent sample MR images (a) and within slices of the
same sample (b).

[0071] FIG. 6 shows an example of stacking MR im-
ages to create a 3D volume and then redistributing bright-
ness values in each grid area of the 3D volume’s image,
according to an embodiment of the present disclosure.
[0072] With reference to FIG. 6, the computing device
100 may stack MR images to form a 3D volume, divide
the image of the 3D volume into grids, apply Adaptive
Histogram Equalization (AHE) to redistribute brightness
values in each grid area, and then store the redistributed
3D images back as 2D slices to uniformize brightness
values between images.

[0073] Previously, redistributing pixel values over the
entire range after computing the histogram for the entire
image led to problems such as the bright parts becoming
too bright, reducing overall contrast.

[0074] However, in the present disclosure, the MR im-
age is divided into multiple grid areas, histograms are
calculated for each grid, and brightness values are re-
distributed, thus enhancing local and overall contrast in
MR images.

[0075] Furthermore, the computing device 100 may
extractfeature maps using a bounding box creation mod-
el as the sacroiliac joint occupies a small part of the over-
all MR image, to effectively locate this area (S220).
[0076] For example, the computing device 100 may
extract feature maps from normalized MR images using
a bounding box creation model (e.g., ResNet-50).
[0077] Additionally, the computing device 100 may ex-
tract the region of interest of the sacroiliac joint using the
bounding box creation model (S230).

[0078] For example, the computing device 100 may
automatically extract the ROl using Faster R-CNN, effi-
ciently localize the sacroiliac joint, and apply image ed-
iting (e.g., crop & resize) to the extracted ROI to create
input images of the same size.

[0079] Moreover, the computing device 100 may cal-
culate the ROI of the sacroiliac joint from the extracted
feature map, apply ROI pooling (e.g., max pooling) to the
calculated ROI to standardize its size, and then perform
final object classification to extract the final ROI for each
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object class.

[0080] FIG. 7 shows images illustrative of an example
of extracting the region of interest of the sacroiliac joint
using a bounding box creation model according to an
embodiment of the present disclosure.

[0081] Referring to FIG. 7, the computing device 100
may generate input images to be used for region of in-
terest (ROI) extraction and bone marrow edema (BME)
classification. FIG. 7a shows the result of the ROl extrac-
tion, and FIG. 7b illustrates an example where image
editing (e.g., crop & resize) is applied to the extracted
ROI to create input images of the same size.

[0082] Sincethe number ofslices withoutbone marrow
edema significantly exceeds those with bone marrow
edema, the computing device 100 may augment data
sixfold for images labeled positive, using methods like
blurring, contrast adjustment, noise addition, rotation,
and sharpening.

[0083] For instance, the computing device 100 may
apply these methods to image-edited (crop & resize)
ROls, specifically only to positive image slices, so as to
address the class imbalance between positive and neg-
ative images.

[0084] FIG. 8 shows images illustrative of an example
of extracting the region of interest by rotating the MR
image according to an embodiment of the present dis-
closure.

[0085] Referring to FIG. 8, when applying data aug-
mentation, the entire MR image may be randomly rotated
within a certain range (e.g., -20° to +20°) before extract-
ing the ROI in the same manner as before. During rota-
tion, considering the change in the joint’s position, the
size of the ROI can be expanded by a set number of
pixels (e.g., 10 pixels) in up, down, left, and right direc-
tions.

[0086] FIG. 9 shows images illustrative of an example
of generating training data based on stacking at least
three consecutive slices, including front and back slices,
based on a certain slice, according to an embodiment of
the present disclosure.

[0087] Referring to FIG. 9, the computing device 100
can stack at least three consecutive slices (slice i, slice
i+1, and slice i-1) around a particular slice (slice i) for
bone marrow edema discrimination and then apply Max-
imal Intensity Projection (MIP) to the stacked slices, so
that consideration is not taken of only one slice, but of
three slices (slice i, slice i+1, and slice i-1) . For both end
slices, the computing device (100) can stack only one
additional slice either in front or back and apply MIP to a
total of two slices.

[0088] FIG. 10 is a conceptual diagram according to
an embodiment of the present disclosure, representing
the network function.

[0089] The bone marrow edema discrimination model
(machine learning or neural network model) according
to one embodiment of the present disclosure can include
a neural network for determining the presence of sacro-
iliitis from MR images related to the patient’s sacroiliac
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joint.

[0090] Throughout the present specification, the
meanings of a nerve network, the network function, and
the neural network may be interchangeably used. The
neural network may be formed of a set of interconnected
calculation units which are generally referred to as
"nodes". The "nodes" may also be called "neurons". The
neural network consists of one or more nodes. The nodes
(or neurons) configuring the neural network may be in-
terconnected by one or more links.

[0091] In the neural network, one or more nodes con-
nected through the links may relatively form arelationship
of an input node and an output node. The concept of the
input node is relative to the concept of the output node,
and a predetermined node having an output node rela-
tionship with respect to one node may have an input node
relationship in a relationship with another node, and a
reverse relationship is also available. As described
above, the relationship between the input node and the
output node may be generated based on the link. One
or more output nodes may be connected to one input
node through alink, and areverse case may also be valid.
[0092] In the relationship between an input node and
an output node connected through one link, a value of
the output node data may be determined based on data
input to the input node. Herein, a link connecting the input
node and the output node may have a weight. The weight
is variable, and in order for the neural network to perform
a desired function, the weight may be varied by a user
or an algorithm. For example, when one or more input
nodes are connected to one output node by links, respec-
tively, a value of the output node may be determined
based on values input to the input nodes connected to
the output node and weights set in the link corresponding
to each of the input nodes.

[0093] As described above, in the neural network, one
or more nodes are connected with each other through
one or more links to form a relationship of an input node
and an outputnode in the neural network. A characteristic
of the neural network may be determined according to
the number of nodes and links in the neural network, a
correlation between the nodes and the links, and a value
of the weight assigned to each of the links. For example,
when there are two neural networks in which the numbers
of nodes and links are the same and the weights between
the links are different, the two neural networks may be
recognized to be different from each other.

[0094] The neural network may consist of a set of one
or more nodes. A subset of the nodes forming the neural
network may form a layer. Some of the nodes configuring
the neural network may form one layer based on distanc-
es from aninitial input node. For example, a set of nodes
having a distance of n from an initial input node may form
n layers. The distance from the initial input node may be
defined by the minimum number of links, which need to
be passed from the initial input node to a corresponding
node. However, the definition of the layer is arbitrary for
the description, and a degree of the layer in the neural
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network may be defined by a different method from the
foregoing method. For example, the layers of the nodes
may be defined by a distance from a final output node.
[0095] The initial input node may mean one or more
nodes to which data is directly input without passing
through a link in a relationship with other nodes among
the nodes in the neural network. Otherwise, the initial
input node may mean nodes which do not have other
input nodes connected through the links in a relationship
between the nodes based on the link in the neural net-
work. Similarly, the final output node may mean one or
more nodes that do not have an output node in a rela-
tionship with other nodes among the nodes in the neural
network. Further, the hidden node may mean nodes con-
figuring the neural network, not the initial input node and
the final output node.

[0096] In the neural network according to the embod-
iment of the present disclosure, the number of nodes of
the input layer may be the same as the number of nodes
of the output layer, and the neural network may be in the
form that the number of nodes decreases and then in-
creases again from the input layer to the hidden layer.
Further, in the neural network according to another em-
bodiment of the present disclosure, the number of nodes
of the input layer may be smaller than the number of
nodes of the output layer, and the neural network may
be in the form that the number of nodes decreases from
the input layer to the hidden layer. Further, in the neural
network according to another embodiment of the present
disclosure, the number of nodes of the input layer may
be larger than the number of nodes of the output layer,
and the neural network may be in the form that the
number of nodes increases from the input layer to the
hidden layer. The neural network according to another
embodiment of the present disclosure may be the neural
network in the form in which the foregoing neural net-
works are combined.

[0097] A deep neural network (DNN) may mean the
neural network including a plurality of hidden layers, in
addition to an input layer and an output layer. When the
DNN is used, it is possible to recognize a latent structure
ofdata. Thatis, itis possible to recognize latent structures
of photos, texts, videos, voice, and music (for example,
whatobjects are in the photos, what the contentand emo-
tions of the texts are, and what the content and emotions
of the voice are). The DNN may include a convolutional
neural network (CNN), a recurrent neural network (RNN),
an auto encoder, Generative Adversarial Networks
(GAN), a restricted Boltzmann machine (RBM), a deep
belief network (DBN), a Q network, a U network, Siamese
network, and the like. The foregoing description of the
deep neural network is merely illustrative, and the
present disclosure is not limited thereto.

[0098] In the embodiment of the present disclosure,
the network function may include an auto encoder. The
auto encoder may be one type of artificial neural network
for outputting output data similar to input data. The auto
encoder may include at least one hidden layer, and the

10

15

20

25

30

35

40

45

50

55

odd-numbered hidden layers may be disposed between
the input/output layers. The number of nodes of each
layer may decrease from the number of nodes of the
input layer to an intermediate layer called a bottleneck
layer (encoding), and then be expanded symmetrically
with the decrease from the bottleneck layer to the output
layer (symmetric with the input layer). The auto encoder
may perform a nonlinear dimension reduction. The
number of input layers and the number of output layers
may correspond to the dimensions after preprocessing
of the input data. In the auto encoder structure, the
number of nodes of the hidden layer included in the en-
coder decreases as a distance from the input layer in-
creases. When the number of nodes of the bottleneck
layer (the layer having the smallest number of nodes lo-
cated between the encoder and the decoder) is too small,
the sufficient amount of information may not be transmit-
ted, so that the number of nodes of the bottleneck layer
may be maintained in a specific number or more (for ex-
ample, half or more of the number of nodes of the input
layer and the like).

[0099] The neural network may be trained by at least
one scheme of supervised learning, unsupervised learn-
ing, semi-supervised learning, and reinforcement learn-
ing. The training of the neural network may be a process
of applying knowledge for the neural network to perform
a specific operation to the neural network.

[0100] The neural network may be trained in adirection
of minimizing an error of an output. In the training of the
neural network, training data is repeatedly input to the
neural network and an error of an output of the neural
network for the training data and a target is calculated,
and the error of the neural network is back-propagated
in a direction from an output layer to an input layer of the
neural network in order to decrease the error, and a
weight of each node of the neural network is updated. In
the case of the supervised learning, training data labeled
with a correct answer (that is, labeled training data) is
used, in each training data, and in the case of the unsu-
pervised learning, a correct answer may not be labeled
to each training data. That is, for example, the training
datainthe supervised learning for data classification may
be data, in which category is labeled to each of the train-
ing data. The labeled training data is input to the neural
network and the output (category) of the neural network
is compared with the label of the training data to calculate
an error. For another example, in the case of the unsu-
pervised learning related to the data classification, train-
ing data that is the input is compared with an output of
the neural network, so that an error may be calculated.
The calculated error is back-propagated in a reverse di-
rection (that is, the direction from the output layer to the
input layer) in the neural network, and a connection
weight of each of the nodes of the layers of the neural
network may be updated according to the back propa-
gation. A change amount of the updated connection
weight of each node may be determined according to a
learning rate. The calculation of the neural network for
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the input data and the back propagation of the error may
configure alearning epoch. The learning rate is differently
applicable according to the number of times of repetition
of the learning epoch of the neural network. For example,
at the initial stage of the learning of the neural network,
a high learning rate is used to make the neural network
rapidly secure performance of a predetermined level and
improve efficiency, and at the latter stage of the learning,
a low learning rate is used to improve accuracy.

[0101] Inthe training of the neural network, the training
data may be generally a subset of actual data (that is,
data to be processed by using the trained neural net-
work), and thus an error for the training data is decreased,
but there may exist a learning epoch, in which an error
for the actual data is increased. Overfitting is a phenom-
enon, in which the neural network excessively learns
training data, so that an error for actual data is increased.
Forexample, a phenomenon, in which the neural network
learning a cat while seeing a yellow cat cannot recognize
cats, other than a yellow cat, as cats, is a sort of overfit-
ting. Overfitting may act as a reason of increasing an
error of a machine learning algorithm. In order to prevent
overfitting, various optimizing methods may be used. In
order to prevent overfitting, a method of increasing train-
ing data, a regularization method, a dropout method of
inactivating a part of nodes of the network during the
learning process, a method using a batch normalization
layer, and the like may be applied.

[0102] FIG. 11 is a diagram illustrating the network
structure according to an embodiment of the present dis-
closure.

[0103] ReferringtoFIG. 11, the presentdisclosure may
use the VGG-19 network structure to learn the classifi-
cation of bone marrow edema (BME classification) in the
sacroiliac joint area. While the original fully connected
layerin a typical VGG-19 network can output 1000 class-
es, the bone marrow edema classification in the present
disclosure, being a binary classification for positive (1)
and negative (0), allows for modifying the output of the
last fully connected layer to two classes.

[0104] Subsequently, the present disclosure may ef-
fectively discern the presence of sacroiliitis by inputting
into the bone marrow edema discrimination model, clas-
sified through the VGG19 method, the bounding boxes
obtained from each patient, which are cut and resized to
match from both the left and right sides, using pre-inter-
preted results as the ground truth.

[0105] FIG. 12isaschematicdiagram of the computing
environment according to an embodiment of the present
disclosure.

[0106] Itis described above thatthe presentdisclosure
may be generally implemented by the computing device,
but those skilled in the art will well know that the present
disclosure may be implemented in association with a
computer executable command which may be executed
on one or more computers and/or in combination with
other program modules and/or as a combination of hard-
ware and software.
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[0107] In general, the program module includes a rou-
tine, a program, a component, a data structure, and the
like that execute a specific task or implement a specific
abstract data type. Further, it will be well appreciated by
those skilled in the art that the method of the present
disclosure can be implemented by other computer sys-
tem configurations including a personal computer, a
handheld computing device, microprocessor-based or
programmable home appliances, and others (the respec-
tive devices may operate in connection with one or more
associated devices as well as a single-processor or multi-
processor computer system, a mini computer, and a main
frame computer.

[0108] The embodiments described in the present dis-
closure may also be implemented in a distributed com-
puting environment in which predetermined (or selected)
tasks are performed by remote processing devices con-
nected through a communication network. In the distrib-
uted computing environment, the program module may
be positioned in both local and remote memory storage
devices.

[0109] The computer generally includes various com-
puter readable media. Media accessible by the computer
may be computer readable media regardless of types
thereof and the computer readable media include volatile
and non-volatile media, transitory and non-transitory me-
dia, and mobile and non-mobile media. As a non-limiting
example, the computer readable media may include both
computer readable storage media and computer reada-
ble transmission media. The computer readable storage
media include volatile and non-volatile media, transitory
and non-transitory media, and movable and non-mova-
ble media implemented by a predetermined (or selected)
method or technology for storing information such as a
computer readable instruction, a data structure, a pro-
gram module, or other data. The computer readable stor-
age media include a RAM, a ROM, an EEPROM, a flash
memory or other memory technologies, a CD-ROM, a
digital video disk (DVD) or other optical disk storage de-
vices, a magnetic cassette, a magnetic tape, a magnetic
disk storage device or other magnetic storage devices
or predetermined (or selected) other media which may
be accessed by the computer or may be used to store
desired information, but are not limited thereto.

[0110] The computer readable transmission media
generally implement the computer readable command,
the data structure, the program module, or other data in
a carrier wave or a modulated data signal such as other
transport mechanism and include all information transfer
media. The term "modulated data signal" means a signal
acquired by configuring or changing at least one of char-
acteristics of the signal so as to encode information in
the signal. As a non-limiting example, the computer read-
able transmission media include wired media such as a
wired network or a direct-wired connection and wireless
media such as acoustic, RF, infrared and other wireless
media. A combination of any media among the afore-
mentioned media is also included in a range of the com-
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puter readable transmission media.

[0111] An environment that implements various as-
pects of the present disclosure including a computer
1000 is shown and the computer 1000 includes a
processing device 1020, a system memory 1030, and a
system bus 1010. The system bus 1010 connects system
components including the system memory 1030 (not lim-
ited thereto) to the processing device 1020. The process-
ing device 1020 may be a predetermined (or selected)
processor among various commercial processors. A dual
processor and other multi-processor architectures may
also be used as the processing device 1020.

[0112] Thesystembus 1010 maybe any one of several
types of bus structures which may be additionally inter-
connected to a local bus using any one of a memory bus,
a peripheral device bus, and various commercial bus ar-
chitectures. The system memory 1030 includes a read
only memory (ROM) 1034 and arandom access memory
(RAM) 1032. A basic input/output system (BIOS) is
stored in the non-volatile memories 1034 including the
ROM, the EPROM, the EEPROM, and the like and the
BIOS includes a basic routine that assists in transmitting
information among components in the computer 1000 at
a time such as in-starting. The RAM 1032 may also in-
clude a high-speed RAM including a static RAM for cach-
ing data, and the like.

[0113] The computer 1000 also includes an interior
hard disk drive (HDD) 1050 (for example, EIDE and
SATA), in which the interior hard disk drive 1050 may
also be configured for an exterior purpose in an appro-
priate chassis (not illustrated), a magnetic floppy disk
drive (FDD) 1060 (for example, for reading from or writing
in a mobile diskette), and an optical disk drive 1070 (for
example, for reading a CD-ROM disk or reading from or
writing in other high-capacity optical media such as the
DVD, and the like). The hard disk drive 1050, the mag-
netic disk drive 1060, and the optical disk drive 1070 may
be connected to the system bus 1010 by a hard disk drive
interface, a magnetic disk drive interface, and an optical
drive interface, respectively. An interface for implement-
ing an exterior drive includes at least one of a universal
serial bus (USB) and an IEEE 1394 interface technology
or both of them.

[0114] The drives and the computer readable media
associated therewith provide non-volatile storage of the
data, the data structure, the computer executable instruc-
tion, and others. In the case of the computer 1000, the
drives and the media correspond to storing of predeter-
mined (or selected) data in an appropriate digital format.
In the description of the computer readable media, the
mobile optical media such as the HDD, the mobile mag-
netic disk, and the CD or the DVD are mentioned, but it
will be well appreciated by those skilled in the art that
other types of media readable by the computer such as
a zip drive, a magnetic cassette, a flash memory card, a
cartridge, and others may also be used in an operating
environmentand further, the predetermined (or selected)
media may include computer executable commands for
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executing the methods of the present disclosure.
[0115] Multiple program modules including an operat-
ing system 1092, one or more application programs
1094, another program module 1096, and program data
1098 may be stored in the drive and the RAM 1032. All
or some of the operating system, the application, the
module, and/or the data may also be cached in the RAM
1032. It will be well appreciated that the present disclo-
sure may be implemented in operating systems which
are commercially usable or a combination of operating
systems.

[0116] A user may input instructions and information
in the computer 1000 through one or more wired/wireless
input devices 1042, for example, pointing devices such
as a keyboard and a mouse. Other input devices (not
illustrated) may include a microphone, an IR remote con-
troller, a joystick, a game pad, a stylus pen, a touch
screen, and others. These and other input devices are
often connected to the processing device 1020 through
an input/output device interface 1040 connected to the
system bus 1010, but may be connected by other inter-
faces including a parallel port, an IEEE 1394 serial port,
a game port, a USB port, an IR interface, and others.
[0117] A monitor or other types of display devices are
also connected to the system bus 1010 through interfac-
es such as a video adapter, and the like. In addition to
the monitor, the computer generally includes other pe-
ripheral output devices (not illustrated) such as a speak-
er, a printer, others.

[0118] The computer 1000 may operatein a networked
environment by using a logical connection to one or more
remote computers including remote computer(s) 1082
through wired and/or wireless communication. The re-
mote computer(s) 1082 may be a workstation, a comput-
ing device computer, a router, a personal computer, a
portable computer, a micro-processor based entertain-
ment apparatus, a peer device, or other general network
nodes and generally includes multiple components or all
of the components described with respect to the compu-
ter 1000. The illustrated logical connection includes a
wired/wireless connection to a local area network (LAN)
and/or a larger network, forexample, a wide area network
(WAN). The LAN and WAN networking environments are
general environments in offices and companies and fa-
cilitate an enterprise-wide computer network such as In-
tranet, and all of them may be connected to a worldwide
computer network, for example, the Internet.

[0119] When the computer 1000 is used in the LAN
networking environment, the computer 1000 is connect-
ed to a local network (not shown) through a wired and/or
wireless communication network interface or an adapter
(not shown). The adapter (not shown) may facilitate the
wired or wireless communication to the LAN (not shown)
and the LAN (not shown) also includes a wireless access
point installed therein in order to communicate with the
wireless adapter (not shown). When the computer 1000
is used in the WAN networking environment, the compu-
ter 1000 may include a modem (not shown) or has other
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means that configure communication through the WAN
(notshown) such as connection to a communication com-
puting device on the WAN (not shown) or connection
through the Internet. The modem (not shown) which may
be an internal or external and wired or wireless device is
connected to the system bus 1010 through the serial port
interface (not shown). In the networked environment, the
program modules described with respect to the computer
1000 or some thereof may be stored in the remote mem-
ory/storage device (not shown) . It will be well known that
an illustrated network connection is and other means
configuring a communication link among computers may
be used.

[0120] The computer 1000 performs an operation of
communicating with predetermined (or selected) wire-
less devices or entities which are disposed and operated
by the wireless communication, for example, the printer,
a scanner, a desktop and/or a portable computer, a port-
able data assistant (PDA), a communication satellite,
predetermined (or selected) equipment or place associ-
ated with a wireless detectable tag, and a telephone. This
at least includes wireless fidelity (Wi-Fi) and Bluetooth
wireless technology. Accordingly, communication may
be a predefined structure like the network in the related
art or just ad hoc communication between at least two
devices.

[0121] The wireless fidelity (Wi-Fi) enables connection
to the Internet, and the like without a wired cable. The
Wi-Fi is a wireless technology such as the device, for
example, a cellular phone which enables the computer
to transmit and receive data indoors or outdoors, that is,
anywhere in a communication range of a base station.
The Wi-Fi network uses a wireless technology called
IEEE 802.11 (a, b, g, and others) in order to provide safe,
reliable, and high-speed wireless connection. The Wi-Fi
may be used to connect the computers to each other or
the Internet and the wired network (using IEEE 802.3 or
Ethernet). The Wi-Fi network may operate, for example,
ata datarate of 11 Mbps (802.11a) or 54 Mbps (802.11b)
in unlicensed 2.4 and 5 GHz wireless bands or operate
in a product including both bands (dual bands).

[0122] It will be appreciated by those skilled in the art
that information and signals may be expressed by using
various different predetermined (or selected) technolo-
gies and techniques. For example, data, instructions,
commands, information, signals, bits, symbols, and chips
which may be referred in the above description may be
expressed by voltages, currents, electromagnetic waves,
magnetic fields or particles, optical fields or particles, or
predetermined (or selected) combinations thereof.
[0123] It may be appreciated by those skilled in the art
that various logical blocks, modules, processors, means,
circuits, and algorithm steps described in association with
the embodiments disclosed herein may be implemented
by electronic hardware, various types of programs or de-
sign codes (for easy description, herein, designated as
software), or a combination of all of them. In order to
clearly describe the intercompatibility of the hardware
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and the software, various exemplary components,
blocks, modules, circuits, and steps have been generally
described above in association with functions thereof.
Whether the functions are implemented as the hardware
or software depends on design restrictions given to a
specific application and an entire system. Those skilled
in the art of the present disclosure may implement func-
tions described by various methods with respect to each
specific application, but it should not be interpreted that
the implementation determination departs from the
scope of the present disclosure.

[0124] Various embodiments presented herein may be
implemented as manufactured articles using a method,
an apparatus, or a standard programming and/or engi-
neering technique. The term manufactured article in-
cludes a computer program, a carrier, or a medium which
is accessible by a predetermined (or selected) computer-
readable storage device. For example, a computer-read-
able storage medium includes a magnetic storage device
(for example, a hard disk, a floppy disk, a magnetic strip,
or the like), an optical disk (for example, a CD, a DVD,
or the like), a smart card, and a flash memory device (for
example, an EEPROM, a card, a stick, a key drive, or
the like), but is not limited thereto. Further, various stor-
age media presented herein include one or more devices
and/or other machine-readable media for storing infor-
mation.

[0125] It will be appreciated that a specific order or a
hierarchical structure of steps inthe presented processes
is one example of accesses. It will be appreciated that
the specific order or the hierarchical structure of the steps
in the processes within the scope of the present disclo-
sure may be rearranged based on design priorities. Ap-
pended method claims provide elements of various steps
in a sample order, but the method claims are not limited
to the presented specific order or hierarchical structure.
[0126] The description of the presented embodiments
is provided so that those skilled in the art of the present
disclosure use or implement the present disclosure. Var-
ious modifications of the embodiments will be apparent
to those skilled in the art and general principles defined
herein can be applied to other embodiments without de-
parting from the scope of the present disclosure. There-
fore, the present disclosure is not limited to the embod-
iments presented herein, but should be interpreted within
the widest range which is coherent with the principles
and new features presented herein.

[0127] The foregoing exemplary embodiments of the
present disclosure are not implemented only by an ap-
paratus and a method, and therefore may be realized by
programs realizing functions corresponding to the con-
figuration of the exemplary embodiment of the present
disclosure or recording media on which the programs are
recorded. Such recording media may be executed in a
user terminal as well as a server.

[0128] Whilethisdisclosure has beendescribedin con-
nection with what is presently considered to be practical
exemplary embodiments, it is to be understood that the
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disclosure is not limited to the disclosed embodiments,
but, on the contrary, is intended to cover various modifi-
cations and equivalent arrangements included within the
spirit and scope of the appended claims.

Claims

1. A method for discriminating sacroiliitis by using sac-
roiliac joint MR images, implemented by one or more
processors of a computing device, the method com-
prising the steps of:

collecting MR images related to a sacroiliac joint
and preprocessing the collected MR images to
generate training data;

training a bone marrow edema discrimination
model by using the generated training data; and
using the trained bone marrow edema discrim-
ination model to determine the presence of sac-
roiliitis from MR images related to a patient’s
sacroiliac joint.

2. The method of claim 1, wherein the step of generat-
ing training data comprises a step of normalizing the
collected MR images to minimize intensity variations
in the MR images due to brightness variability be-
tween images of different samples or within slices of
the samples.

3. The method of claim 2, wherein the step of normal-
izing MR images comprises stacking the MR images
into a 3D volume, dividing the images of 3D volume
into grids, redistributing the brightness values in
each grid area, and then storing the redistributed
brightness value back as 2D slices to uniformize the
brightness values between images.

4. The method of claim 1, wherein the step of generat-
ing training data comprises a step of extracting re-
gions of interest of the sacroiliac joint by using a
trained bounding box creation model.

5. Themethod of claim 4, wherein the step of extracting
regions of interest comprises automatically extract-
ing the regions of interest through Faster R-CNN,
and creating input images of the same size, based
on the extracted regions.

6. The method of claim 4, wherein the step of extracting
regions of interest comprises extracting feature
maps from the normalized MR images through the
bounding box creation model, calculating the regions
of interest of the sacroiliac joint, adjusting the size
of the calculated regions of interest to be the same,
and performing object classification to extract the fi-
nal regions of interest (ROI) for each object.
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The method of claim 1, wherein the step of generat-
ing training data may include augmenting data six-
fold for images labeled positive, using methods like
blurring, contrast adjustment, noise addition, rota-
tion, and sharpening, followed by extracting the area
of interest, with the size of the area of interest in-
creased by a set value up, down, left, and right,
whereby changes in joint position due to image ro-
tation can be prevented.

The method of claim 1, wherein the step of generat-
ing training data comprises stacking at least three
consecutive slices, including the front and back slic-
es based on a certain slice, then generating training
data based on the stacked slices to consider the front
and rear slices rather than learning with only one
slice when determining bone marrow edema.

The method of claim 8, wherein the step of generat-
ing training data is carried out, for both-end slices,
by stacking only one slice in front or behind the end
slice.

10. A computing device, comprising:

a processor with one or more cores; and

a memory,

wherein the processor collects MR images re-
lated to a sacroiliac joint, preprocesses the col-
lected MR images to generate training data,
trains a bone marrow edema discrimination
model using the generated training data, and
uses the trained model to determine the pres-
ence of sacroiliitis from MR images related to a
patient’s sacroiliac joint.

11. A computer program, stored in a computer-readable

storage medium and including instructions to cause
a computer to perform the following actions compris-

ing:

collecting MR images related to a sacroiliacjoint;
preprocessing the collected MR images to gen-
erate training data;

training a bone marrow edema discrimination
model using the generated training data; and
using the trained model to determine the pres-
ence of sacroiliitis from MR images related to a
patient’s sacroiliac joint.
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